Optimal sizing of peak loads has proven to be an important factor affecting the overall energy consumption of
framework for uncertainty representation in building energy modeling, due to both random factors and imprecise 23 knowledge. The framework is shown by a numerical case study of sizing cooling loads, in which uncertain climatic 24 data is represented by probability distributions and human-driven activities are described by possibility 
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In the present work, we distinguish between two types of uncertain quantities: (1) those affected by stochastic 81 uncertainty, such as climatic parameters, whose randomness is due to their inherent variability, and (2) those 82 affected by epistemic uncertainty, such as internal gains, whose uncertainty is due to lack of knowledge and 
84
Stochastic uncertainty is typically represented by probability distributions whose parameters are estimated using 85 experimental (Oberkampf et al. 2002) . For example, large amount of data collected form weather stations (e.g. temperature, relative humidity and wind speed) are available for estimating the parameters of the probability 87 distributions representing the stochastic uncertainty of the climatic quantities. Specifically, in this study the 88 probability distributions representing uncertainties in the urban microclimatic are based on a large dataset of 89 hourly climatic data, collected from a weather station with close proximity to the studied building.
90
With respect to the epistemic uncertainty, in some cases, laboratory experiments are performed to quantify the 91 uncertainty of the physical properties of building components (e.g. thermal conductivity, solar heat gain 92 coefficient, moisture content, specific heat and mass). The repetition of experiments allows for a reliable 93 information representation, properly characterizing the quantity variability. In other cases where very scarce 94 information is available (e.g. internal gains of an unoccupied building which may be still in the design phase or 95 evacuated for restoration) one may resort to the elicitation of expert knowledge to represent uncertainty. Expert 96 elicitation is often of ambiguous quality in nature, and, therefore, may be difficult to describe through probability 97 distributions. Let us, for example, consider the case, in which we are aware of the minimum and maximum values 98 of an uncertain quantity. Since this information does not imply that the probability of occurrence of all 99 intermediate values is the same, the use of a uniform probability distribution is questionable (Klir 1994 ).
100
Similarly, the knowledge of the minimum, maximum and most probable values of an uncertain quantity, does not 101 allow the use of a triangular probability distribution. To our opinion, the literature of building energy modelling 102 have frequently (and inappropriately) represented the uncertainty on epistemic quantities, for which scarce 103 knowledge is available through probability distributions (Tian 2013 , D'Oca, Hong, and Langevin 2018).
104
Possibilistic representation of scarce information is an alternative to the conventional probabilistic quantification 105 of uncertainty (Parsons 1996) . This type of representation is particularly helpful in quantifying the uncertainty 106 associated with incomplete knowledge, where opting for probability distributions may distort the actual 107 information. In the practice of building energy modelling, a framework for handling both probabilistic and 108 possibilistic representations of uncertainty is necessary.
109
In this study, we describe different representations of uncertainties involved in the problem of sizing HVAC loads,
110
in support of a successive optimal design of the HVAC system. To handle both probabilistic and possibilistic 111 uncertainty representations, we resort to a hybrid uncertainty propagation method (Guyonnet et al. 2003) . A 112 homogeneous post-processing approach is introduced to process the outputs obtained by the hybrid uncertainty
113
propagation. To highlight the effectiveness of the hybrid method, fully probabilistic and fully possibilistic 114 treatments of the uncertainties are presented in a comparative numerical case study.
115
The main original contributions of this study include:
116
-Introducing a possibilistic representation of occupant-related uncertainty in building energy modelling.
117
-Introducing the hybrid uncertainty treatment method for joint propagation of uncertainties represented 118 by probability distributions (i.e. climatic data) and possibility distributions (i.e. internal gains).
119
-Contrasting the advantages and drawbacks of pure probabilistic and pure possibilistic treatments of 120 uncertainty, compared to the introduced hybrid method.
121
The paper is structured as follows: Section 2 provides a detailed description of the possibilistic representation of 
Possibilistic representation of uncertainty 127
Uncertainty can be categorized into two classes, i.e. aleatory and epistemic. Aleatory uncertainty deals with 128 randomness due to inherent variability in the system behavior (e.g. outdoor temperature fluctuation), while 129 epistemic uncertainty is derived from lack of knowledge on the process or system (e.g. the state of an HVAC 130 system) (Zio 2013) . For example, lack of accessible information on the value of a quantity, which enters as a 131 parameter of the system or process model, can result in epistemic uncertainty (e.g. due to difficulties in collecting 132 accurate measurements or the lack of time for data collection).
133
Although one may argue that probability theory is sufficient for handling both aleatory and epistemic uncertainty 134 (Lindley 1987 , Zadeh 2008 , recent studies have challenged the probabilistic framework, highlighting its 
138
It has been shown that misrepresenting epistemic uncertainty -as a result of incomplete knowledge -can lead to 139 faulty intuitions on the system's reliability (Chen et al. 2016 , Zhang et al. 2017 , and therefore, imprecise 140 probabilistic frameworks have been introduced to properly handle both classes of uncertainty (Rocchetta and 
144
Adopting a uniform probability distribution for occupant density does not correctly characterize the uncertain 145 parameter, as we are not in complete ignorance of the number of occupants. On the other hand, assigning triangular
146
or Gaussian distributions to occupant density -based on linguistic propositions of the number of occupants -will 147 misrepresent the scarce information, as we do not know the frequency of occurrence, but rather, a range within 148 which occupant density may vary (Cooper, Ferson 
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Let ( ) be a family of probability distributions such that for any event , the probability measure of that event 
178
Uncertainty propagation is the process of numerically propagating the uncertainty associated to input quantities 179 of the model to the outputs of that model. In this section, we describe how randomness (represented using 180 probability distributions) and imprecision (represented using possibility distributions) can be jointly propagated 
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The possibility distributions are intervals of possible values of the possibilistic quantities
193
( +1 , … , ). 
200
The outcomes of this procedure are random realizations of
201
( 1 , … , ). 
206
Notice that a two nested loops uncertainty propagation scheme has been adopted in the context of building energy (Eq.5)
219
( ) measures the degree of belief that will occur, while ( ) measures the extent to which evidence 220 does not support the negation of (Mauris et al. 2000) . Notice that the possibility theory is a special case of the 221 evidence theory through which we can interpret belief and plausibility measures as probability bounds similar to
222
what is done in the possibility theory for the interpretation of the necessity and possibility measures (Eq. 1 -Eq.2).
223
Therefore, the probability that lies within the belief and plausibility interval satisfies:
(Eq.6)
225
Since the basic probability assignments, , of evidence theory generalizes both probability and possibility 
where ( ) and Π ( ) are the necessity and possibility measures derived from the possibility distributions
236
( 1 , … , ), and is the number of Monte Carlo realizations.
237

A case study of cooling load design for an office building 238
The effectiveness of the hybrid propagation method is illustrated by evaluating the peak cooling loads of a 30'000 239 m 2 office building ( Figure 2 ) located in the center of Milano (Italy), which is undergoing a Core and Shell retrofit.
240
The renovations cover a wide range of properties i.e. internal architectural layout, building's envelope (walls,
241
windows, and roofs), and both electrical and mechanical systems. The logic behind choosing the current building
242
as the case study is that both aleatory and epistemic classes of uncertainty are available due to the in situ conditions 243 of the building. Aleatory uncertainty is unavoidable due to the randomness in climatic data. Epistemic uncertainty 244 is inevitable as the building is evacuated for renovation purposes, and therefore, the only information on occupant 
252
Supply rooms are also modelled as non-conditioned zones, as cooling for these spaces will be provided by separate
253
Variable Refrigerant Flow (VRF) units. The surface to volume ratio of the building is 0.39, with a window to wall 254 ratio of approximately 42 %. The properties of the renovated envelope components, are displayed in Table 1 .
255
Schedules of occupancy, lighting system, electric equipment and the HVAC system operation for the Design-Day 256 calculation are provided in Table 2 . It should be noted that keeping the number of thermal zones low (equal to 13) 257 may lead to an underestimation of the peak cooling load, introducing a systematic error into the results obtained
258
with the application of the uncertainty propagation methods that will follow. As a matter of fact, reliance on a 259 detailed model (with 143 zones) and sizing peak cooling loads based on (already mentioned) overconservative
260
ASHRAE method (with 0.4% summer design condition) returns a peak cooling load equal to 615.3 kW, which is 261 3.2% larger than the 595.9 kW peak cooling load that is obtained using the simplified model (with 13 zones) 262 adopted in this study.
263
FIGURE 2. THE CASE-STUDY BUILDING AS MODELLED IN DESIGNBUILDER SOFTWARE.FIGURE 3. ZONING SCHEMA OF A SAMPLE FLOOR. THE SHADED ZONES ARE CONSIDERED AS NON-265
CONDITIONED SPACES. 
266
296
The building is modelled using the DesignBuilder software (Tindale 
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322
The extracted climatic data consist of dry bulb temperature and relative humidity. This data is used to calculate 323 the design dry bulb temperature, the Mean Coincident Wet Bulb temperature (MCWB), the Mean Coincident Dry Bulb temperature Range (MDBR) for 0.4%, 1% and 2% design conditions. Three "Control Samples" are proposed 325 that correspond to 0.4%, 1% and 2% design conditions of Linate airport weather station. Similarly, 3 "Case
326
Studies" are considered for Brera weather station corresponding to 0.4%, 1% and 2% design conditions (Table   327 4). It is found that for 0.4% design condition, the dry bulb temperature in city center is 0.9℃ higher than in 
331
The latter category of variables with uncertain quantities, namely occupant density, lighting and appliance power,
332
are parameters that are difficult to quantify, as accurate measurements of human activities require a great amount 333 of time and effort Considering that the process of sizing cooling loads for 0.4%, 1% and 2% design conditions follows a similar 349 pattern, explaining each design condition individually is redundant. Therefore, in the following sections, the 350 uncertainty quantification process is fully described for 0.4% design conditions, although it has been performed 351 and analyzed for all three design conditions. 
352
FIGURE 4. REPRESENTATION OF CLIMATIC VARIABLES WITH UNCERTAIN QUANTITIES: DRY BULB 353 TEMPERATURE (TOP) AND MCWB TEMPERATURE (BOTTOM) THROUGH PROBABILISTIC
REPRESENTATIONS (BLUE-SOLID) AND THEIR TRANSFORMATION INTO POSSIBILISTIC MEASURES 355 (RED-DASHED). 356
FIGURE 5. REPRESENTATION OF HUMAN-DOMINATED VARIABLES WITH UNCERTAIN QUANTITIES
362
The most common approach for quantifying uncertainty in peak cooling load calculations is through a pure 363 probabilistic approach. In this method, all measures (temperature, relative humidity, occupant density, lighting 364 power and appliance power) are represented by means of a probability distribution.
365
Alongside UHI effects, the return period of extreme climatic conditions is also associated with uncertainty (Huang 
373
The probabilistic approach for characterizing scarce knowledge on occupant behavior is commonly characterized 374 by probability density functions, either normal (Hopfe and Hensen 2011) or triangular (Heo, Choudhary, and 375 Augenbroe 2012). Although, the experts recommended the presence of 1200 occupants, they did expect this value 376 to vary between 1000 and 1250. Similarly, the peak lighting and appliance power are expected to have ±15 kW 377 and ±30 kW variation respectively. Here, we adopt triangular probability distributions to characterize the 
Possibilistic representation
383
A pure possibilistic approach is also studied. It is worth noting that this approach is not common in sizing HVAC 
387
It is also important to note that using a possibilistic representation of an uncertain quantity takes a more 388 conservative attitude. A possibility measure of 1 is a weaker statement compared to a probability of 1, as the 389 possibilistic unit value states that the occurrence of an event is possible, expected and not surprising, whereas a 390 probability of 1 states that the event is certain. For comparison purposes, we perform probability-possibility 391 transformation to describe a probabilistic representation in possibility theory terms. Detailed descriptions on 392 probability-possibility (possibility-probability) transformations can be found in (Dubois, Prade, and Sandri 1993, 
397
According to the theory of possibility, distributions may be transformed to a set of -cuts (see section 2). The 
404
In this section, random (aleatory) variability is considered for climatic features i.e. dry bulb temperature and 405 MCWB, which are described by probability distributions (see section 3.1). Since the building was under retrofit, 
415
The vector of the input quantities which will be considered uncertain is formed by 5 features. Dry bulb temperature 416 and MCWB uncertainty is described by probability distributions and the two quantities are indicated by 1 and 417 2 , respectively, whereas occupant density, lighting power and appliance power uncertainty is described by 
426
Inserting the vector 1 1 in the EnegyPlus *.idf script and executing the sizing calculation produces a single value,
427
namely, the infimum bound of all plausible peak cooling loads that correspond to dry-bulb temperature 1 1 , 428 
436
corresponding to random vector i=1 ( 1 , 2 ) and -cut j=1 ( 3 , 4 , 5 ). This procedure, based on the use of 437 the extrema of the -cuts of the epistemic quantities for the computation of the -cut extrema of the corresponding peak cooling loads is derived from the intuition that the system's response to epistemic uncertain 439 quantities ( 3 , 4 , 5 ) is monotonic, arguing that larger occupant density, lighting power and appliance power 440 will result in larger internal heat gains, and therefore, larger cooling loads.
441
The process of obtaining the limiting bounds is repeated until the randomly generated vector i=1 ( 
492
To compare the outputs of each representation, a quantitative assessment is provided ( 
512
In practice, HVAC designers often make up for the uncertainty by applying sizing factors to the estimated peak 513 cooling load. However, based on the building type and designer's experience the magnitude of the safety margin 514 may greatly vary. Previous studies argued that the application of uncertainty quantification is a reliable alternative 515 to the experimental-based application of safety factors, consequently, lowering the risk of oversizing the system 516 (Domínguez-Muñoz, Cejudo-López, and Carrillo-Andrés 2010, Sun et al. 2014 ). In the case study, we are looking 517 for a value which can cover 90% of uncertain events for the 0.4% design condition. Therefore, we seek the cooling 518 load corresponding to the 90 th percentile on the cumulative distributions. Also, we seek the suitable size factor 519 that enables Control Sample A (595.9 kW) to cover all uncertain events except the worst 10%. The pure 520 probabilistic approach reaches the 90 th percentile at 607.2 kW and, therefore, a size factor of 1.019 is assigned. to be methodologically suitable to address these problems of epistemic and aleatory uncertainty propagation.
530
Improper representation of internal gains through probability distributions neglects the lack of accurate 531 measurements, and the inherent epistemic nature of uncertainty associated with the peak lighting and equipment 532 power, as well as the maximum number of occupants. In each random generation, the pure probabilistic 533 approach forces a single probability of occurrence on each internal gain component. Therefore, the pure 534 probabilistic approach is the most risky among the three uncertainty representation and propagation methods. It
535
is observed that the output of the pure possibilistic approach is the most conservative of the three methods.
536
Consequently, a possibilistic representation of climatic variables is prone to overestimate the peak cooling load 537 and is not recommended for sizing cooling loads under uncertainty. The hybrid method on the other hand,
538
provides a somewhat conservative range of confidence that is less risky compared to the pure probabilistic 539 approach and less conservative than the pure possibilistic approach. Therefore, the outputs of the hybrid method 540 are less likely to undersize the system with respect to the pure probabilistic approach and to oversize it in 541 comparison with the pure possibilistic approach. Since the pure probabilistic approach returns a crisp output for 542 every percentile, it can be a suitable starting point for estimating the size factor. In the meantime, the belief and 543 plausibility measures obtained from the hybrid method can work as the support of the pure probabilistic method,
544
by quantifying the magnitude of confidence due to incomplete knowledge on internal gains. 
574
a chiller with a 650 kW reference cooling capacity, which will be identical to the outcome of a purely probabilistic-575 based decision. Therefore, it can be inferred that forcing unavailable information on occupant density, lighting 576 power and appliance power in the form of probability distributions, results in overestimating the peak cooling 577 load and eventually eliminating some design choices. It is observed that opting different frameworks for handling 578 uncertainty can provide dissimilar options, and therefore adds to the degrees of freedom provided to the designer 579 for decision making. This level of versatility will explicitly come in handy when sequencing multiple chillers for achieving optimal operational COP. Meanwhile, gathering further information on the aforementioned epistemic 581 uncertain quantities can prevent overestimation of peak cooling loads and provide more reliable cooling capacity.
582
Conclusion 583
The existing literature on uncertainty assessment of HVAC systems assumes random variability for all uncertain 584 parameters. This approach can be challenged in situations of scarce and incomplete knowledge. In this paper, we 585 address this concern by characterizing aleatory uncertainties with probability and epistemic uncertainty with 
590
A numerical case study is provided to compare the effects of adopting the hybrid uncertainty treatment to the pure 591 probabilistic and possibilistic representations. In this study, climatic data (i.e. temperature and humidity) are 592 characterized with probability density functions while human-dominated events (i.e. occupant density, appliance 
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In this study, cooling loads are estimated by means of dry bulb and MCWB temperature. However, resorting to 606 dew point temperature, humidity ratio and mean coincident dry bulb temperature (for dehumidification purposes)
607
is not expected to alter the methodological scheme followed for the analysis. Also, it is advised to perform 608 simplifications on the thermal zoning with cautious, and seek for a tradeoff that does not oversimply the model while maintaining a reasonable simulation time. As a last remark, scarce information (such as occupant density)
610
can occasionally contain more information than the studied example, although not enough to fit a probability 611 density function. In such cases, the application of Chebyshev's inequality can provide a suitable fit for all family 612 of probability distributions and, therefore, is a potential for expanding the provided framework.
